Social bookmarking tools enable users to save URLs for future reference, to create tags for annotating Web pages, and to share Web pages they found interesting with others. This paper presents a case study on the application of link mining to a social bookmarking Web site called del.icio.us. We investigated the user bookmarking and tagging behaviors and described several approaches to find surprising patterns in the data. We also examined the characteristics that made certain users more popular than others. Finally, we demonstrated the effectiveness of using social bookmarks and tags for predicting mutual ties between users.
Introduction
With the staggering rate at which new content is produced on the Internet, it is becoming increasingly difficult for Web users to keep up to date with the new information. Social bookmarking is a tool that enables Web users to share information they found on the Internet with other users sharing similar interests. It allows users to save and organize their bookmarks on a remote Web server. Users may assign tags to each bookmark to annotate what they perceive to be the content. Some of the popular social bookmarking Web sites include del.icio.us, www.citeulike.org, and www.furl.net.
Social bookmarking is a rich but largely unexplored domain in link mining. Many applications such as Web search and text categorization may benefit from the analysis of social bookmarking data. For example, the number of users who bookmarked a Web page can be used as a metric to measure the authoritativeness of the Web page. The tags used to annotate the bookmarks is another useful data source that can be harnessed to improve Web search [4, 9, 14] or Web page classification [8] . A social bookmarking Web site is also a fertile testbed to investigate many social science phenomena such as information diffusion and social selection.
In this paper, we present a case study on the application of link mining to a popular social bookmarking Web site called del.icio.us. We first investigated the user bookmarking and tagging behaviors and described two approaches for finding surprising patterns in the data. One approach involves measuring the deviation of a pattern from its expected frequency while the other is based on performing a temporal analysis on the user's bookmarking history. We then examined characteristics that influence the popularity of a user. At del.icio.us, a user becomes a fan of another user by adding the other user to his/her network. The number of fans each user has can be used as a measure of user popularity. Because popular users may influence the bookmarking activities of other users [3] , it is useful to understand what makes a user more popular than others. Finally, we studied the linking behavior of users at the social bookmarking Web site. Specifically, we consider links in the form of reciprocal ties, which are pairs of users who are mutual fans of each other. Our goal is to predict the formation of such ties based on the user bookmarking and tagging activities. We developed a technique for predicting links based on a kernel alignment approach [6] and obtained very promising results.
Preliminaries
We begin with a brief discussion of the terminology used in this paper. While our terminology is based on the features available at del.icio.us, it is also applicable to other social bookmarking web sites. user X adds another user Y to his/her network, then X becomes a fan of Y .
• Tag: A keyword or text description assigned by a user to a bookmark. Let T be the set of tags used for all the bookmarks in B.
t ⊆ T , and τ is the timestamp. Let Π denote the set of all posts, also known as the posting history.
• Reciprocal Tie: A mutual tie between two users. A reciprocal tie exists between X and Y if X is a fan of Y and vice-versa.
A social bookmarking network can be represented as a graph G = (V, E), where V is the set of all nodes (users) and E ⊆ V ×V is the set of links created from the reciprocal ties between users. We define the popularity of bookmarks, users, and tags in the following way.
• Bookmark Popularity: The number of users who saved a given bookmark.
• User Popularity: The number of fans associated with a user.
• Tag Popularity: The number of posts that contain a given tag.
Our tag popularity measure is somewhat different than the one used by del.icio.us, which is based on the number of unique bookmarks associated with a given tag. There are two advantages for using our measure. First, it is more informative because it takes into account both the number of bookmarks and number of users who have used the tag. Second, our measure is more resilient to spam tags, which are the tags used to mislead users about the content of a Web page or to attract users to a spam Web site. If tag popularity is measured using the number of bookmarks only (instead of number of posts), it would be easier to promote a spam tag into a popular tag.
Analysis of del.icio.us Data
Let D = B, U, T , E, Π be a collection of social bookmarking data, where B is the set of bookmarks; U is the set of users; T is the set of tags; E is the set of links in the social bookmarking network, i.e., E : V × V → {0, 1}, and Π is the posting history. We wrote a crawler program to collect the data from the del.icio.us web site. The crawler was deployed for a three month period (from February 2008 to April 2008) to retrieve the posting history of 330, 000 users. 
Frequency Distribution Analysis
This section analyzes the popularity of users, bookmarks, and tags based on their frequency distributions. For user popularity, we observe that the number of fans follows a power law distribution [7] . Figure 1 shows the log-log plot of the number of fans (f ) versus user popularity rank (r). The least square fit of the curve is given by f (r) ∝ r −0.61 with a root mean squared error of 0.157. Although the fit is obtained using only a sample of the bookmarks and users in del.icio.us, we observe that the exponential factor does not change considerably when the sample size is varied. Note that only 38% of the users have at least one fan. Table 1 shows the ten most popular users, along with the number of bookmarks they have saved and the top three tags they have used most frequently. At first glance, it appears that the popularity of users is somewhat correlated with their number of bookmarks. In fact, for seven out of the ten most popular users, the number of bookmarks they saved is 2 ∼ 8 times larger than their number of fans. However, we found that the average number of bookmarks to number of fans ratio is larger (≈ 75) for less popular users, since many of them have hundreds of bookmarks but only a few fans. Some popular users such as adobe, ambermac and jgwalls also have more fans than bookmarks. This suggests that the quality of the bookmarks is just as important as the quantity when determining popular users. Table 2 shows the ten most popular bookmarks, including the number of users who saved them and their five most frequently assigned tags. Most of the popular bookmarks are links to software and other social media Web sites. Unlike the distribution for user popularity, the bookmark popularity does not appear to follow the power law distribution 1 . Our data set contains nearly a million tags. The list of most popular tags is shown in Table 3 . The frequency distribution of tag popularity is highly skewed-while the most popular tag has been used in more than 3 billion posts, the majority of the tags have been used only a few times. The average tag popularity is 67, 537, but only 35 tags have been used more than this many times. Figure 2 shows a tag cloud displaying the most popular tags at the web site, where popularity is given by the number of bookmarks a tag is associated with. Despite the extensive overlap between the popular tags in the tag cloud and the list shown in Table 3 , some of the tags in our list do not appear in the tag cloud-e.g., isbn, asin, nsid, and watched-and vice-versa. One possible explanation is that our sample is only a subset of the del.icio.us data. Another possible explanation is because of the difference in the tag popularity measure.
Temporal Analysis of Posting History
We have also performed temporal analysis to examine the bookmarking behavior of the users. We restrict our analysis to users who started bookmarking after December 2004 and have at least 30 months of posting history. There are 5015 users who satisfy these requirements. A collection of time series are then generated, which correspond to the number of bookmarks saved every month by each user. The time series are clustered to identify groups of users with similar bookmarking behavior.
To account for the different lengths and starting periods of the time series, we compute the pairwise similarity between users by using the dynamic time warping approach [11] . Clustering is then performed on the similarity matrix by applying the kmeans [13] algorithm. Figure 3 .2 shows the centroids of the clusters we had found. The cluster c4 contains users who are extremely active at the beginning, but become less active after the first few months. Cluster c6 behaves similarly, except the initial number of posts is not as high as that for cluster c4. Both clusters represent quite a significant fraction of users in our data set. There are several potential explanations for the observed behavior. Some users may lose interest after the first few months of testing the system while others may have added all their important bookmarks during the first few months and no longer have many new bookmarks to add thereafter. In contrast, clusters c1 and c3 have low activities at the beginning but their users become more active later. The difference between the 
Figure 3. Clustering of User Time Series
two is that the activities of users in c1 stabilize after the first few months, whereas the bookmarking activities of users in c3 keep growing gradually. Cluster c2 represents a group of very active users, whose activities are consistently high during the first 30 months of their posting history. Finally, cluster c5 contains users with very few bookmarking activities.
Discovery of Surprising Patterns
This section describes two approaches for finding surprising patterns in the del.icio.us data. The first approach is based on analyzing the frequency distributions while the other is based on performing temporal analysis on the posting history.
For the first approach, we fit the frequency (f ) versus rank (r) plot with a known parametric distribution (e.g., power law). The empirical distribution is then used to determine the expected behavior of each observation (user, bookmark, or tag) in the data. A surprising pattern is defined as an observation whose frequency deviates significantly from its expected value. For example, Figure 5 shows the frequency of each user being an early adopter 2 of a bookmark versus the user's rank in popularity. After fitting the data to a power law distribution, we obtain f (r) = 41.81r −0.4229 . We compute the "surprisingness" score (σ) of a user as fol-
where f is the observed frequency and f (r) is the expected frequency obtained from the empirical power law distribution. Table 4 shows the list of users with highest surprisingness scores, along with the ranks of their user popularity. The list allows us to find users who are often one of the first ten bookmarkers of a URL but yet are not as popular as other users. The user with highest surprisingness score corresponds to the one with highest peak in Figure 5 . σ   23266  896  25703  144  61354  85  10067  79  52819  72 For the second approach, we create a similarity time series for each pair of users. Specifically, we compute the Jaccard similarity [13] of the bookmarks added each month by the users. We expect the monthly similarity values to be low for users who do not collaborate with each other. If the average value of the time series is higher than expected, we suspect potential collusion between the users. In our experiment, we selected a subset of users with posting history no less than 25 months since January 2005. There are 8326 users who fit the criteria. The average similarity value of their time series is about 0.000005 and the maximum similarity is 0.04. Our analysis does not indicate any strong evidence of collaboration among the users. However, after artificially adding a few common bookmarks each month to five randomly selected users, we were able to easily detect such collaboration since their average similarity values exceed 0.5. This approach therefore shows promise in detecting potential collusion in a social bookmarking web site. 
Table 4. List of users with largest surprisingness scores (σ).

Rank of User Popularity
What makes a user popular?
In del.icio.us, popular users may potentially impact the bookmarking activities of their fans. To determine what makes a user more popular than others, we investigated the following user characteristics:
• Bookmarking activities: Do popular users bookmark a large number of Web pages? Figure 4 shows the distribution of the number of bookmarks for each user ranked by user popularity. The number of bookmarks generally decreases with decreasing user popularity.
• Early adoption: Do popular users tend to be one of the first ten users to bookmark a Web page? Figure 5 shows the frequency each user being an early adopter.
• Tag Popularity: Do popular users tend to use popular tags? To answer this question, we examined the tags used by the top 4, 000 users and compute the average popularity of their top 5 tags. Figure 6 shows there is no obvious relationship between the use of popular tags among popular users.
Finally, we employ a decision tree classifier to determine the importance of these factors. We labeled the top 2,000 users with largest number of fans as popular users and the bottom 7,000 users with least number of fans as unpopular users 3 . The F 1 measure obtained using 20 runs of 10-fold cross validation is 0.3418 ± 0.0472, which is significantly better than random guessing (0.2222). Figure 7 shows the decision tree obtained from the data. 
Link Prediction in Social Bookmarking
This section presents our approach for predicting links in a social bookmarking network. Although the link prediction problem was previously studied by Shen et al. [12] for discovering friendship relations in a blogosphere network, their approach is not directly applicable to our data since we have two types of features, namely, bookmarks and tags.
We formalize the link prediction problem as follows. Suppose we are given a set of users U, their posting history Π, and a partial link relation E : V × V → {−1, 0, 1}, where 1 represents a link (mutual tie), −1 represents no link,and 0 represents unknown (or missing) link. The objective of link prediction is to infer the unknown links in the network based on their common bookmarks and tags.
Algorithm
This section presents a link prediction approach based on kernel target alignment framework [6] . First, we compute the pairwise similarity between users based on the similarity of their bookmarks (K b ) and the similarity of their tags (K t ). Obviously, we can apply a classifier such as support vector machine (SVM) [5] to directly predict the missing links using either K b or K t as the input kernel matrix. Instead, our goal here is to combine evidence from both similarity matrices in a principled way to improve link prediction. A straightforward approach would be to take the average of their similarity values, i.e., K = (K b + K t )/2, but this approach does not take into consideration the relative importance of the bookmarks and the tags in predicting 
links.
Let A be the adjacency matrix induced by the link relation E, i.e., A(i, j) is equal to 1 if the node pair is linked, -1 if they are unlinked, and 0 if unknown. Our objective is to learn a set of weights α and β that maximize the degree of alignment between the adjacency matrix A with the bookmark similarity (K b ) and tag similarity (K t ) matrices.
where P, Q F = i,j P (i, j)Q(i, j). We simplify the computation by first obtaining the rank-k approximations of the bookmark and tag similarity matrices. Let X 1 = i α i v i v i and X 2 = i β i w i w i , where v i 's and w i 's are the top k eigenvectors of K b and K t , respectively.
Our objective function in (1) reduces to the following expression:
where m is the number of 1's in A. This is also equivalent to maximizing the following objective function: 
After alignment, we can apply SVM on the aligned kernel,
to predict the missing links.
Experimental Results
We conducted our experiment on 9868 users who have at least 3 friends. Let N + to be the number of linked pairs and N − be the number of unlinked pairs. To overcome the problem of the skewness in the distribution (N + N − ), we selected all the linked pairs and a random sample of the unlinked pairs (N − = 5 × N + ) to form our training and test sets. We employed support vector machine (SVM) as our classification algorithm. The results reported are based on 10-fold cross validation, repeated 20 times, on the reduced data set. Table 5 summarizes the results of our experiments. First, using both bookmarks and tags clearly improve the effectiveness of link prediction compared to using bookmarks or tags alone. Second, our results also suggest that applying the kernel alignment approach would improve the performance of SVM classifier.
Conclusion
This paper presents a case study on the application of link mining to a popular social bookmarking Web site called del.icio.us. First, we investigated the user bookmarking and tagging behaviors by analyzing their frequency distributions. Temporal analysis is also performed to identify users with similar bookmarking patterns. We then illustrate two approaches for finding surprising patterns in the social bookmarking data. We also examined the characteristics that make a user becomes popular using a decision tree classifier. Finally, we developed a kernel alignment framework to predict mutual ties in a social bookmarking network and obtained very promising results. The breadth of analysis performed in this case study shows that social bookmarking is indeed a rich domain for applying link mining. The domain also presents interesting research problems such as how to identify potential collusion between users or tag spam [10, 1, 2] in social bookmarking data.
